Background: Colon cancer is common worldwide and is the leading cause of cancer-related death. Multiple levels of omics data are available due to the development of sequencing technologies. In this study, we proposed an integrative prognostic model for colon cancer based on the integration of clinical and multi-omics data. Methods: In total, 344 patients were included in this study. Clinical, gene expression, DNA methylation and miRNA expression data were retrieved from The Cancer Genome Atlas (TCGA). To accommodate the high dimensionality of omics data, unsupervised clustering was used as dimension reduction method. The bias-corrected Harrell's concordance index was used to verify which clustering result provided the best prognostic performance. Finally, we proposed a prognostic prediction model based on the integration of clinical data and multi-omics data. Uno's concordance index with cross-validation was used to compare the discriminative performance of the prognostic model constructed with different covariates.
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Background
Colon cancer, which is a subset of colorectal cancer (CRC), is common worldwide and is the leading cause of cancer-related death. Although incidence and mortality rates have declined in recent years due to changes in risk factors and recent improvements in screening tests and treatments, there are large differences in 5-year colon cancer survival rates across countries and regions [1, 2] .
Because of the development of sequencing technology, precision medicine has become a popular field in cancer research. Omics data have been widely used for cancer classification based on identified gene signatures, gene pathways, and protein-protein interaction networks, among others [3] [4] [5] . Such classifications can help oncologists provide more accurate treatment regimens for individuals. Gene expression data are among the most widely analyzed types of omics data and can be used for such endeavors as biomarker identification, patient classification, and prognostic prediction [4, [6] [7] [8] . In addition, one published classification organized CRC into four consensus molecular subtypes using gene expression data, and this classification represents the best description of CRC heterogeneity at the gene expression level and shows the potential of merging additional scale data in the future [9] .
The American Joint Committee on Cancer (AJCC) tumor, node and metastasis (TNM) staging system is an important tool used for clinical colon cancer prognostic predictions. However, no molecular factors or omics features were included in the TNM system for colon cancer in the recently published 8th version [10] . In contrast, the 8th AJCC TNM staging system for breast cancer already includes biomarkers, which is very different from the 7th AJCC TNM staging system [11] . The National Comprehensive Cancer Network (NCCN) Guidelines for Patients includes RAS mutations, BRAF V600E mutations, mismatch repair (MMR) and microsatellite instability (MSI) as recommended molecular testing in colon cancer patients [12] .
As cancer research has entered the fields of precision medicine and personalized medicine, non-molecular features have become insufficient, whereas the inclusion of molecular features is becoming an increasingly popular research direction. Scientists have been attempting to integrate multiscale omics data to gain deeper insight into cancer mechanisms as the human body is a complex system. The Cancer Genome Atlas (TCGA) conducted a series of comprehensive integrative molecular analyses with multiscale data types to identify the genomic alterations in several cancer types; five genome-wide platforms were used to identify somatic alterations in colorectal carcinoma [13] . Kim D. et al. conducted a series of studies with TCGA datasets to identify interactions among multi-omics data and associate these interactions with cancer clinical outcomes [14] [15] [16] . Pan-cancer studies were also performed with integrative analyses [17, 18] . These studies suggest that multiscale or multiplatform genomic studies outperform single-scale studies in cancer research.
The performance of cancer prognostic analyses may benefit from the integration of clinical features and molecular features [19] . Previous studies have identified [11, 20] . Another study combined clinical, genomic and treatment domains to predict GBM survival outcomes, though the genomic domain only used 33 specific gene signatures [21] . Exarchos and colleagues combined clinical, imaging tissue and gene expression data from circulating blood cells to model the progression of oral cancer [22] . Recently, a workflow named SwissMTB was reported that could link molecular profiling to treatment decisions [23] . Combining clinical data with single-scale omics data has shown a considerable effect on cancer prognosis, but it remains unclear whether the integration of clinical data and multiscale omics data can help improve cancer prognosis performance.
To improve the prediction performance of colon cancer prognosis, an integrative prognostic analysis of colon cancer was proposed in this study based on clinical, gene expression, DNA methylation and miRNA expression data from TCGA.
Methods

Data preparation
Normalized and preprocessed clinical data and omics data (gene expression, DNA methylation and miRNA expression data) of primary tumors included in the TCGA-COAD (colon adenocarcinoma) project were downloaded from the new TCGA data portal (https:// portal.gdc.cancer.gov/repository) with the provided datatransfer tool. Then, the downloaded raw data files were reprocessed following the flowchart shown in Fig. 1 . This procedure aimed to merge the individual files of each patient into one matrix of samples and features by data type.
Clinical data preparation
The tumor invasion depth, lymph node status, metastatic status (T, N and M stages) and age at initial diagnosis were chosen as clinical features, as previous studies have shown that these four features have significant effects on CRC prognosis [24] . Patients with Tis tumor invasion depth (1 patient), N1c lymph node status (2 patients), and Mx metastatic status (metastatic status that could not be assessed) were removed from the study. Patients without any of these four features or survival information were also removed. Survival information, including survival time and death status, was also obtained from the clinical data. Overall survival was used for the following analyses in this study to reflect the overall survival information of the patients.
Omics data preparation
Prior Knowledge Prior knowledge was based on the pathways and microRNAs involved in CRC according to the Kyoto Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg/) database and other omics features that showed potential relationships with colon cancer prognosis in previous articles [25] [26] [27] . A collection of prior knowledge lists of the three types of omics data was built, including 114 features of gene expression, 56 features of DNA methylation and 56 features of microRNA expression. The details of the prior knowledge lists are provided in Additional file 1. (FPKM) normalized data were chosen for further analysis, and the original Ensembl IDs were converted to gene symbols with the biomaRt R package. Then, each feature with more than 5% NA or 0 values was removed.
Gene Expression For gene expression data, fragments per kilobase of transcript per million mapped reads
Features with the top 25% of coefficients of the variable along with features in the prior knowledge list of gene expression were selected. Ultimately, 4691 features were selected for further analysis.
MicroRNA Expression For miRNA expression data, reads per million mapped reads (RPM) normalized data were chosen for further analysis. Each feature with more than 5% NA or 0 values was removed.
Features with the top 25% of coefficients of the variable along with features in the prior knowledge list of microRNA expression were selected. Ultimately, 111 features were selected for further analysis.
DNA Methylation For DNA methylation data, the beta values were used in the analysis, whereas various probes (485,577 probes for HM450 and 27,578 probes for HM27) were converted into 34,040 gene symbols. The conversion procedure was performed by calculating the average DNA methylation beta value of the CpG sites in a particular region of a gene based on TCGA-assembler 2 [28] . In addition, CpG sites with chromosome X or Y and more than 5% NA beta values were removed as colon cancer is not a gender-specific disease. Each feature with more than 5% NA or 0 values was removed. Features with the top 25% of coefficients of the variable along with features in the prior knowledge list of DNA methylation were selected. Ultimately, 4441 features were selected for further analysis. 
Results of the data preparation
Patients with both clinical data and the three types of omics data were chosen for our analysis. Overall, 344 patients had both clinical data and the three types of omics data, resulting in 4691 features in the gene expression profiles, 4441 features in the DNA methylation profiles and 111 features in the miRNA expression profiles. Detailed information regarding the clinical and omics data is shown in Table 1 and Table 2 , respectively.
Pipeline of the prognostic study
The overall pipeline for the construction of the prognosis prediction model is shown in Fig. 2 . First, we solved the problem of imbalanced feature numbers and different measurements between the clinical features and multi-omics features by unsupervised clustering and generated new omics features with low dimensions. Then, a prognostic prediction model was constructed using both the clinical features and new omics features. Different combinations of the clinical features and omics features were tested and compared to determine whether the integration of the clinical features, gene expression profiles, DNA methylation profiles and miRNA expression profiles could offer the best prognostic performance.
Processing of the multi-Omics data
Hierarchical clustering was used for the cluster analysis because this approach is an unsupervised cluster method that is widely used in omics data analyses. The following three parameters were employed in this unsupervised clustering step: the distance method was used as the metric, the linkage method was used as the linkage criteria, and the cluster number was used as the cut-off condition. Clustering of the three types of omics data was performed. Different combinations of distance methods, linkage methods and cluster numbers were used, and the combination that provided the best prognostic information was selected by fitting a single-covariate Cox proportional hazards (PH) model. The cluster labels generated by the identified clustering parameters were used as new omics features for the three types of omics data. In addition, we investigated whether the integrated multi-omics data could improve the prognostic prediction performance over that of separate multi-omics data combined with clinical features. Then, we conducted a cluster-of-clusters (C-o-C) approach based on these new omics features to integrate the three types of omics data because this approach has shown excellent performance in previous single-cancer and pan-cancer studies [17, 29, 30] . The newly generated features of the three types of omics data were coded into one binary matrix of patients and cluster labels, and clustering by hierarchical clustering was performed again. The same varieties of combinations of distance methods, linkage methods and cluster numbers were used, and the combination that provided the best prognostic information was selected by fitting a single-covariate Cox PH model. These identified cluster labels were regarded as features of the integrated omics data. The generated omics features in both the separated status and integrated status were used for further analysis. Finally, cluster analyses of the three single types of omics data and one cluster analysis of the integration of the three types of omics data were performed for further analysis.
Integration of clinical data and Omics data for the construction of the prognostic prediction model A multi-covariate Cox PH model was used for the prognostic analysis, and different combinations of clinical features and omics features were used as covariates in the Cox PH model. The formula of the Cox PH model used in our study was as follows:
where h(t) is the hazard (risk of death) at time t, h 0 (t) is the baseline hazard (when covariates z n and z m are all zero), β n is the regression coefficient of the clinical features, β m is the regression coefficient of the omics features, z n represents the different clinical features, and z m represents the different omics features. The T, N, and M stages and age at initial diagnosis were used as the clinical features. The omics features consisted of different types of omics data, including three features of the single types of omics data and one feature of three integrated types of omics data. Cox PH models with different combinations of clinical features and omics features were constructed. The prognostic performance of each model was compared to verify that the integration of clinical data and multi-omics data provided the best prognostic performance.
Model evaluation
We focused on the discriminative performance of the prognostic model. Therefore, the concordance index (C-index) was used as the main evaluation metric, with a C-index of 1 indicating perfect discrimination and a C-index 0.5 indicating a random guess. We used Harrell's C-index during the model construction procedure to select the model with best overall discriminative performance [31] . Then Uno's C-index, which is free of censoring, and the likelihood ratio test were used to compare the performance of different models [32, 33] . The PH assumption was tested to ensure that the constructed Cox PH model satisfied the assumption and that the covariates had no time-varying coefficients; a p-value greater than 0.05 suggests no time-variation issue [34] . In addition, the likelihood ratio, score and Wald test were applied to investigate the covariate effect in the Cox PH model; a p-value of less than 0.05 indicates that the covariate in the model has a significant effect [35] . These metrics were calculated with the rms (https://cran.rproject.org/web/packages/rms/index.html) and survC1 (https://cran.r-project.org/web/packages/survC1/index. html) R package.
Considering the moderate sample size, we preferred a bootstrapping analysis, which revealed the ability to optimize the estimation of the C-index caused by overfitting, to generate the bias-corrected C-index rather than the original Harrell's C-index [36] [37] [38] [39] . Random resampling with replacement was performed with 500 iterations to generate a distribution of the 500 biascorrected C-indexes and the mean value was used as the final bias-corrected C-index during model construction.
In addition to the original Uno's C-index, we resorted to 5-fold cross-validation with 500 iterations to obtain more reliable values following a procedure similar to that introduced in Zhao's work, with 500 Uno's Cindexes and one average Uno's C-index for each model [40] . Based on the distribution of C-indexes of different prognostic models, the Wilcoxon signed-rank tests were used to evaluate the significance of the difference in prediction performance between the C-indexes.
Results
Results of Omics data processing
Overall, eight combinations of distance methods, linkage methods and cluster numbers were identified for clustering of different types of omics data while combining with clinical features, including two combinations for gene expression, three combinations for DNA methylation and three combinations for miRNA expression. Cluster parameters of the three types of omics data for prognostic models with different covariates are listed in Table 3 . For the C-o-C approach, the Manhattan distance method, Average linkage method and cluster number 3 were used to cluster the newly generated features of the three types of omics data used in the integrated prognostic model with covariates of clinical features and all three types of omics data.
Prognostic performance of the models based on Harrell's C-index
Overall, we included four clinical covariates, three omics covariates and one integrated omics covariate. The four clinical covariates were used as clinical covariates; alongside the three omics covariates, they formed seven different combinations. The prognostic model we proposed was constructed with clinical, gene expression, DNA methylation and miRNA expression as covariates. In addition, we constructed three models with clinical covariates and two types of omics data, three models with clinical covariates and one type of omics data, four models with clinical covariates or one type of omics data Fig. 3c . The bias-corrected C-index of the different models is shown in Fig. 3a . These results suggest that the model with only the clinical covariates (0.7424 ± 0.0030) performed better than any model with the omics covariates (range from 0.5591 ± 0.0029 to 0.6238 ± 0.0029). A combination of clinical covariates and all three types of omics data achieved the best performance among all prognostic models (0.7604 ± 0.0028). The regression coefficients of the integrated prognostic model constructed with clinical, gene expression, DNA methylation and miRNA expression features are summarized in Table 4 . Detailed origin concordance and bias-corrected concordance statistics for all models are listed in Additional file 2: Table S1 .
The p-values of the likelihood ratio test, the score test and the Wald test are plotted in Fig. 3b ; these plots indicate that each combination of covariates had a significant effect on each prognostic model. However, using omics data alone as covariates had a reduced effect. 
Prognostic performance of the models based on Uno's Cindex
We calculated 3-year and 5-year Uno's C-index values for all 12 prognostic models. In addition, as the median survival time of the dataset was approximately 26 months, the 2-year Uno's C-index was also inferenced. The 2 year Uno's C-indexes without and with crossvalidation are shown in Fig. 4a and b , respectively. The 3-year Uno's C-indexes without and with crossvalidation are shown in Fig. 4c and d, respectively . The 5-year Uno's C-index without and with cross-validation are shown in Fig. 4e and f, respectively. The difference in the 2-year, 3-year and 5-year Uno's C-indexes with 95% CI are summarized in Table 5 , with p values of the likelihood ratio tests between different prognostic models. The results of the Wilcoxon signed-rank test for the differences in the C-indexes of different models further confirmed that our prognostic model showed the best prognostic performance, as summarized in Table 6 .
In summary, these results clearly indicate that among all models, our prognostic model showed the best discriminative performance. Both the likelihood ratio test and the Wilcoxon signed-rank test of difference between distributions of C-index of these two models suggest our prognostic model owned better prognostic performance. In addition, paired comparisons of prognostic model with only clinical covariates, the best prognostic model with clinical covariates and one type of omics data and the best prognostic model with clinical covariates and two types of omics data suggested that the more types of omics data that were used, the better the prognostic performance was.
Evaluation of the contribution of each covariate in our prognostic model
We investigated how the performance of our prognostic model changed after one of the covariates was removed. The same evaluation procedures were used to compare the performance of our prognostic model with that of the model with one covariate removed.
The results of the comparison of the Uno's C-index without cross-validation and the likelihood ratio test are summarized in Table 7 and shown in Fig. 5c , e and g, and the results of the Harrell's C-index without bootstrapping are shown in Fig. 5a . The likelihood ratio test suggested that only removing miRNA expression caused no significant difference in the model. In addition, the 2-year, 3-year and 5-year Uno's C-index without cross-validation all suggested that removing miRNA expression would cause a negligible decrease. However, the 2-year and 3-year Uno's C-index without cross-validation both suggested that removing T stage would cause a slight improvement, while the 5-year Uno's C-index without cross-validation suggested that removing miRNA expression would cause a numerically larger decrease than removing T stage.
The results of the comparison of Harrell's C-index with bootstrapping and Uno's C-index with crossvalidation are summarized in Table 8 and shown in Fig.  5b, d, f Based on current analysis pipeline and results, removing miRNA expression from our prognostic model may have a minimal effect on short-term prognostic prediction, but would have a significant effect on long-term prognostic prediction. In addition, removal of T stage had a positive prognostic effect on our model.
Considering the overall evaluation, T stage was the least important covariate of the clinical covariates in our prognostic model, while miRNA expression was the least important covariate of the omics covariates in our prognostic model.
Discussion
First, we successfully performed unsupervised clustering to aggregate patients in our dataset into different groups based on different types of omics data profiles. According to the evaluation of the single-covariate Cox PH model shown in Fig. 3a and b, DNA methylation can be used as a prognostic predictor even when used alone, whereas gene expression and miRNA expression performed relatively poorly on this task.
Then, we integrated the clinical data and used different combinations of omics data by fitting a multicovariate Cox PH model, and the results confirmed that we had successfully integrated the clinical features, gene expression, DNA methylation and miRNA expression to improve the colon cancer prognostic performance. The In the Comparison column, C stands for clinical, G for gene expression, M for DNA methylation and m for miRNA expression. The words on both sides of vs are the covariates in the prognostic model evaluation metrics used on the models based on different covariates suggested that combining clinical features and all three types of omics data could offer the best prognostic performance. The p-values of the three tests of the prognostic model were improved, especially the score test, which is consistent with the findings from a previous study [20] . In Table 4 , Cluster 3 of gene expression showed the highest HR, thus differential expression analysis and pathway enrichment analysis were conducted based on cluster labels of gene expression, with the edgeR (https://bioconductor.org/packages/release/ bioc/html/edgeR.html) and the Database for Annotation, Visualization and Integrated Discovery database (DA-VID; version 6.8; david.ncifcrf.gov/). In total, 57 differentially expressed genes were identified, as listed in Additional file 3. These included PRSS2, EPHB6 and FABP4, which showed correlation with colorectal cancer prognosis, whereas high expression of these genes was related to poor prognosis [41] [42] [43] . These genes were enriched in Reactome pathway EPH-ephrin mediated repulsion of cells, which might be a potential therapeutic target in colon cancer [44, 45] .
Our study indicated that combining clinical covariates with omics data could improve prognostic performance, and that the more types of omics data that were used, the better the improvement was. Compared to a previous study conducted by Zhao et al. [40] , our study successfully integrated gene expression, miRNA expression, DNA methylation and clinical features rather than using only gene expression and clinical features. In addition, the integration of clinical and multi-omics data may offer researchers more appealing discoveries than would result from exploring clinical or omics data separately.
This study highlights our ongoing work. Colon cancer prognosis may benefit from the integration of clinical and omics features. However, cooperation among biomedical scientists, oncologists and biologists is necessary for implementing the practical application of a personalized prognostic model. A platform that offers integrative analyses of clinical and omics data and management and storage of clinical and omics data is essential. Our current study approach offers a fundamental framework for this type of platform. In addition, our approach can be easily extended to other types of omics data, such as copy number variations or somatic mutations. We aim to build a classifier based on the identified cluster labels of different omics data and develop a web-based tool for practical application in the coming future. Moreover, we aim to identify patients with good versus poor prognoses with integrated clinical and multi-omics features.
However, our current study was limited by the TCGA-COAD datasets and the use of only three types of omics data and four clinical features. Therefore, we hope to collect omics data from patient follow-ups performed at the hospital. Such collection may provide access to more clinical features, including treatment, larger samples and more types of omics data for analysis. Such advancements may validate the extensibility of this integrative analytic approach. The finding that miRNA expression had a negligible prognostic contribution to the shortterm prognosis indicated that we might need a better analysis method for miRNA expression. Based on Uno's C-index, the contribution of T stage to our prognostic model was questionable, though Harrell's C-index suggested that T stage had a positive contribution to our prognostic model. These inverse results might be due to the limitation of Uno's C-index, as there were no events for different T stages except for the T3 stage before the 2-year time point, as shown in Additional file 4. Such phenomenon could also be observed for the covariate age in Additional file 5, as rare events occurred between the 2-year and 3-year time points, causing age to have no significant prognostic contribution at 3-year time point based on Uno's C-index. The results suggested that the current C-o-C approach may not be suitable for integrating multi-omics data in our current study [17, 29, 30] . This might be caused by the insufficient use of interactions between different omics data sets in the second layer of clustering or the limitations of our dataset. In addition, our C-o-C approach was carried out separately with the clinical features, which might contain several pieces of information overlapping with the clinical features. More complex methods, such as machine learning methods or deep learning methods, may be good replacements for the current C-o-C approach and may make better use of integrated omics data in combination with clinical features, as has been shown in recent studies applying deep learning methods or similarity network fusion to integrate multi-omics data [46] [47] [48] [49] [50] .
Conclusion
In conclusion, we applied a pilot integrative prognostic analysis of colon cancer based on clinical features, gene expression, DNA methylation and miRNA expression data. This approach successfully increased the predictive performance of an integrated prognostic model of colon cancer patients compared to the performance achieved using clinical features alone, and all types of omics data had significant effects on the prognostic model. Therefore, our study has the potential to help colon cancer oncologists treat patients more accurately.
